INTRODUCTION
chip, 1 from the 75K chip and 1 from the 777K chip failed these criteria as shown in 124 Appendix A. Then, SNP loci were excluded if call rate <0.85: 546 were excluded for the 25K 125 chip, 1,327 for the 75K chip, and 12,712 for the 777K chip. For imputation, individuals 126 genotyped with 777K were merged with 75K using only 72,679 SNP from the 75K chip. 127 Finally, SNP with Hardy-Weinberg equilibrium test P < 10 -6 or minor allele frequency 128 (MAF) < 0.05 were removed, resulting in the availability of 64,657 and 17,716 SNP on the 129 75K and 25K chip respectively. 130 The pedigree relationship was checked separately for duos and trios using PLINK 131 (Purcell et al., 2007) by comparing the known genotypes of parents and offspring. Parent-132 offspring duos with more than 1% of opposing homozygosity were identified, and 1 case was 133 discovered and the relationship was set to unrelated. For trios the percentage of opposing 134 homozygous and heterozygous genotypes in the offspring for SNP where both of the parents 135 were homozygous for the same allele was calculated, and if more than 1% were inconsistent, 136 both parent-offspring relationships were set as missing, which occurred in 2 cases. For all the 137 other instances, genotype inconsistencies between parents and progeny were corrected using 138 conflict.f90, which corrects for Mendelian errors and fills missing SNPs using parental 139 genotypes where possible (VanRaden et al., 2015) .
140
Genotype Imputation 141 A 2-step imputation process ( Figure 1 ) was conducted using the pedigree and FImpute 142 (Sargolzaei et al., 2014) . In the first step, SNP existing only on the 25K chip (5,733 SNP) 143 were excluded and individuals with genotypes on 25K chip were imputed to the SNP existing 144 on the 75K chip (64,657 SNP). After the first step, MAF was reviewed and SNP with MAF < 145 0.05 were excluded. Then SNP excluded from the first step were re-introduced giving a total 146 of 69,034 SNP available for the second imputation step, where loci only on the 25K chip were imputed for individuals genotyped only on the 75K chip. After the second step, MAF 148 for all SNP was >0.05. Imputation accuracy and efficiency were tested on 1,333 cow genotypes with 11,983 151 SNP existing on both 75K and 25K chip using 10-fold cross validation. For each fold 10% of 152 SNP selected at random were set as missing and imputed so that each SNP was imputed 153 exactly once. All of the 1,333 cow genotypes were used in each of the 10 folds. The 154 imputation efficiency and accuracy were calculated as the correlation, genotype concordance, 155 and allele concordance between the imputed and the true genotypes.
156 Traits for Analysis 157 The benefits of genotyping cows and different genotyping strategies were analysed 158 for four traits: milk yield (kg), fat yield (kg), protein yield (kg), and calving interval (days).
159
There were 2 types of data obtained: official Predicted Transmitting Abilities (PTA) for bulls 160 and cows and daily milk records for cows. Profitable Lifetime Index (PLI) and Guernsey 161 Merit Index (GMI) were also obtained for bulls and cows for the purpose of creating 162 different selection subsets. The main difference between PLI and GMI is the emphasis put on 163 production and functional traits. While PLI has about 32% weights on production traits and 164 68% on fitness traits, GMI has 60% of weights on production traits and 30% on functional 165 traits. The PTA, PLI, and GMI were obtained from the Interbull evaluation with multiple, 166 across-country data carried out in April 2015. All the data were obtained from EGENES Daily milk records from the first five lactations were obtained for milk, fat, and 170 protein yield. They were transformed into standard 305 days lactation records using the test 171 interval method (Sargent et al., 1968) . As dry-off days were not available they were 172 approximated: lactation length was set to 305 days when the last milk recording was done 31 173 days or less before the 305 days of lactation; in all the other cases 31 days were added to the 174 last milk recording to get the dry-off day. Lactations shorter than 201 days were discarded.
175
Lactation yield records were corrected for the fixed effects of calving year-season, lactation 176 number, and herd. Calving interval records were available for the first lactation only. They 177 were corrected for the fixed effects of calving year-season and herd. Finally, adjusted 178 phenotypes from cows combined with de-regressed proofs from bulls (see below) were used 179 for the estimation of genomic and conventional breeding values. These values will be called 180 phenotypes. This process resulted in double counting of data from cows that also were 181 daughters of bulls included. After matching genotypes with phenotypes 1,492 individuals 182 (185 bulls and 1,307 cows) remained for yield traits, 1,149 individuals (157 bulls and 992 183 cows) remained for calving interval, and 1,403 individuals (157 bulls and 1,246 cows) had 184 PLI and GMI indexes available. For bull PTA 2.3% of the 28,709 daughters contributing 185 records were found among the genotyped cows, and in the distribution of genotyped cows to 186 daughter contributions among the 185 bulls the median was 0 and the upper quartile was 3%.
187
The PTA were multiplied by 2 to get EBV and de-regressed using the approach 188 described by Garrick et al. (2009) . Weights were calculated to allow for the unequal error 189 variances of the de-regressed EBV; for each individual , the weight $ was calculated as: where is a matrix of genotypes with elements M $M denoting the number of the counted 219 allele for animal at SNP and expressed as the deviation from the SNP mean allele 220 frequency of 2 M , and N OPQ is the number of SNP.
221
To examine if the correlation between the EBV obtained from bulls' or cows' 222 genotypes was different from one, the following bivariate model was used:
where V is a vector of bulls' phenotypes with cows' phenotypes set as missing; * is a vector 225 of cows' phenotypes with bulls phenotypes set as missing; V and * are the overall mean 226 values for bulls and cows; V and * are equal incidence matrices linking the records from 227 vectors V and * to vectors V and * ; V and * are vectors of random genetic effects of the 228 animals; V and * are the vector of errors.
229
The following (co)variance structure for random genetic effects is assumed: 
Scenarios for Creating Reference Population 235
In total 10 scenarios were compared using 10-fold cross-validation, with all scenarios 236 tested on each validation set. In each fold 90% of cow records were available for estimating 237 the SNP effects, and the remaining 10% of records used for validation and set to missing.
238
Bulls were always included, as the central question was how to supplement the bull data with one-tailed sign test was used in some comparisons to assess the significance of the difference 246 in correlation between 2 scenarios. An observed improvement was judged as significant when 247 the correlation was greater in at least 8 out of 10 folds, which has a Type 1 error of 5.5%
248 when compared to Binomial(10,0.5).
249
The 10 scenarios differed in the simulation of cow selective genotyping (Table 1) .
250
Within each fold of 10-fold cross-validation test selective genotyping was performed only on 251 the cows for which records were available for estimating the SNP effects. When the cow was 252 not selected to be genotyped her phenotype was set to missing so this cow did not contribute 263 To validate and generalise the results of the cross-validation outcomes for genotyping 264 strategy, the quantitative models of Daetwyler et al. (2008 Daetwyler et al. ( , 2010 were extended to cover the 265 range of scenarios considered here. This development is described in detail in Appendix B.
266
The predictions obtained were compared with the cross-validation outcomes for the 267 production traits.
268

RESULTS
269
Imputation Accuracy 270 The correlation between the true and imputed genotypes was 0.952 between 271 individuals and 0.945 between SNP (Table 2) . Genotype concordance was 0.961 and allele 272 concordance was 0.980. The concordances were greater than correlations and were the same 273 between individuals or between SNP.
274
» Genotyping cows with phenotypes (scenario 2) and using their data for the prediction 277 of SNP effects increased the correlation between phenotypes and genomic EBV ( although the results are shown in Table 4 .
311
The genotyping strategy was important when using a subset of individuals for 312 training. Genotyping only the 50% of individuals which were in extreme within either tail of 313 phenotypes increased the correlation between the phenotypes and genomic EBV and restored 314 much of the loss in accuracy from genotyping only 50% the cows at random (Table 4; 315 scenarios 5 cf. 3) with increases in accuracy of 0.048 ± 0.016, 0.026 ± 0.010, and 0.035 316 ± 0.012 for milk, fat, and protein yields, respectively. The greater accuracy from the 317 divergent selection was observed in at least 8 out of 10 folds for all 3 yield traits. In contrast, 318 genotyping only the 50% of phenotypes in upper tail decreased the correlation between the 319 phenotypes and genomic EBV below that obtained from randomly selecting 50% for all yield 320 traits (Table 4 ; scenarios 4 cf. 3) by 0.037 ± 0.016, 0.050 ± 0.013, and 0.041 ± 0.016.
321
Reducing the percentage of genotyped cows with extreme phenotypes below 50% 322 decreased the correlation between phenotypes and genomic EBV, but even when only 30% of 323 cows were genotyped and selected from the extremes (scenario 7), the correlations for milk, 324 fat, and protein yield were still higher than in scenario 3 where 50% of phenotypes were 325 genotyped at random. These benefits were observed for at least 8 out of the 10 folds for all 326 yield traits. Averaged over the 3 yield traits, divergent selection of 30%, 40%, and 50% of the cows restored 56%, 72%, and 88% of the loss from selecting 50% of cows at random, 328 compared to genotyping all the available cows.
329
» Table 4 near here «
330
To increase the correlation between the genomic EBV and phenotypes, different 331 criteria were used for selecting cows to be genotyped ( and protein yield will be more accurate than scenario 3 with random selection of 50%. The 371 threshold for the equivalence of divergent selection to random selection of 50% depends on 372 the heritability, but for all yield traits the model predicted thresholds between 20% and 30%, 373 with traits of higher heritability having thresholds associated with greater intensity. daily milk records were used for the prediction of bulls PTA for yield traits, while 305-day 408 lactation records were used for cows. In this data there was very little benefit in from using 409 bivariate models to predict breeding values compared to a univariate model which assumes 410 Z = 1. The explanation lies in 2 opposing effects, when Z < 1 the information content of 411 the bull data is reduced in its predictive value, potentially reducing accuracy, whereas 412 removing the assumption that Z = 1 removes some bias in the estimating the true marker 413 effects in Guernsey Island cows. It would be anticipated that as the training set increases in 414 size the bivariate model would ultimately emerge as the more accurate due to its greater 415 veracity. The imperfect correlation is a further factor to incorporate into the formulae of de 416 Roos (2011) in attempting to provide an exchange rate between the values of cow phenotypes 417 and de-regressed bull proofs.
418
Notwithstanding the value of genotyping cows, a numerically small commercial breed 419 will need to be cost-effective in establishing a genotyping programme and this study showed been demonstrated in other studies (Cleveland and Hickey, 2013; Boison et al., 2015) .
However, this is one of the first reports to quantify the value of selective genotyping for 424 genomic selection in dairy cattle in practice, although others e.g. Jiménez-Montero (2012) 425 have suggested benefits from simulations. Compared to genotyping 50% of the cows at 426 random, divergent selection of 50% using extremes at either tail recovered 88% of the 427 information that was lost from not genotyping all the cows. It is important to note that 428 directional selection for genotyping was much worse than divergent selection for genotyping 429 and worse than random selection.
430
In this study random assignment was used for conducting the cross validation and this 431 may be less desirable for predicting the accuracy of selection of young bulls than alternative 432 assignment strategies (Cooper et al., 2015) as it has been reported to lead to higher estimates 433 of accuracy than appropriate (Pérez-Cabal et al., 2012) . However the alternative strategies Calving interval 0.043 (0.032) 0.040 (0.031) 0.051 (0.026) 0.055 (0.032) 0.045 (0.045) 1 Scenarios: 3 -at random; 5 -from either tail for the same trait as the genomic EBV; 8 -from 644 either tail for milk yield; 9 -from either tail for PLI; 10 -from either tail for GMI.
645 Table 6 Bias expressed as slope of the regression of phenotypes on genomic EBV from 647 different scenarios of selecting cows for genotyping using the univariate GBLUP method. SE 648 are given in parentheses based on the outcomes from the 10 validation sets. 
